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ABSTRACT
Here we present a novel approach to protein design and phenotypic inference using a generative model
for protein sequences. BioSeqVAE, a variational autoencoder variant, can hallucinate syntactically
valid protein sequences that are likely to fold and function. BioSeqVAE is trained on the entire known
protein sequence space and learns to generate valid examples of protein sequences in an unsupervised
manner. The model is validated by showing that its latent feature space is useful and that it accurately
reconstructs sequences. Its usefulness is demonstrated with a selection of relevant downstream design
tasks. This work is intended to serve as a computational first step towards a general purpose structure
free protein design tool.
1 Introduction
Proteins are the main functional unit of life, performing a majority of tasks within the cell. These macromolecules
perform a diverse set of functions including catalysis, structural support, mechanical transduction, molecular transport,
and sensing. The ability to reliably engineer proteins with a specified function in a systematic way would be transforma-
tive for biology, allowing for the explicit design of molecular machines with a targeted function for a diverse array of
applications.
However, proteins have proven difficult to engineer. Each protein is uniquely defined by a sequence of amino acids.
This seemingly simple definition gives rise to dizzying complexity. While protein sequences can be trivially created by
randomly choosing amino acids, not every protein sequence encodes a functional protein. In general functional protein
sequences appear to be rare in the space of all possible sequences (1). For example it has been estimated that only 1 in
1 hundred billion random protein sequences has ATP binding activity (2). As such, there is an underlying syntax to
these sequences that is required for function to be present. Syntactic correctness gives rise to recognized secondary
(e.g. alpha helices) and tertiary structures (e.g. alpha/beta-barrel domains), which in aggregate lead to function. In part
due to this complexity, no general method for reliably engineering proteins exists. Engineering proteins with a desired
phenotype remains a piecemeal task that requires expert level skill to perform successfully.
Nonetheless, the discipline of protein engineering has enabled the creation of an array of novel and useful proteins.
Sustainable and inexpensive biochemicals have been developed using modern metabolic engineering practices enabled
by engineered proteins (3; 4; 5). Promising proteins for cancer therapeutics have been developed (6). Biosensors have
been designed for rapid detection of various biomolecules for diagnostic and industrial purposes (7). In light of these
successes, however, there is still no reliable general purpose engineering strategy.
A recently discovered class of machine learning models, known collectively as generative models, offer a way forward.
Generative models are able to take an unlabeled data set, for example pictures of human faces, and learn how to create
novel examples that are semantically accurate. In the case of human faces, generated images from a trained model
would have noses, mouths, and eyes in the proper locations and proportions so that they would be human recognizable.
Amazingly, this is done without ever having to tell the model what any of these features are or how they are related to
the concept of a face. The models are simply trained on a collection of images. Generative models have been applied
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successfully to many domains where unlabeled or sparsely labeled data is abundant. Impressive results have been
published where this class of models has generated realistic examples of faces (8; 9), audio (10), 3D objects (11), and
RNA expression profiles (12).
To this end, we propose a general method for protein design and property inference which is uses only protein sequence
and phenotype data. We developed a generative model variant trained on the full protein sequence space known as
BioSeqVAE. BioSeqVAE can generate novel protein sequences that are syntactically correct and are likely to fold and
function. This model is coupled with downstream supervised models that are used to search BioSeqVAE for valid
protein sequences that impart a desired function. This approach, in theory, allows for the design of a protein with any
desired function. We improve over previous work in the area of using generative models on protein sequences. Our
model is general in the sense that it is trained on the entire known protein sequence space and therefore can produce a
protein of any type. Additionally, our model has been engineered to generate proteins up to 1000 amino acids in length.
To our knowledge, 1000 amino acids is longer than any machine learning model designed to generate proteins to date.
In order to contextualize our model we review the protein engineering literature generally by contrasting our model
with both de novo methods and directed evolution approaches.
Directed evolution approaches aim to iteratively enrich for a desired function through stages of mutation and selection
of an initial protein sequence. It requires one or more starting proteins that can reasonably be evolved to have the
desired function. This approach is advantageous because it does not require understanding of the relationship between
sequence and function, and can still reach desired performance characteristics in a systematic way (13). These methods
have resulted in substantial success in creating industrial catalysts (14; 5). One important limitation of these methods is
that they require a protein starting point that is able to be evolved to a desired function.
De novo methods use the principals of protein folding to design sequences with structure that results in a chosen
function. First determining the structure of a protein with the function of interest is a more reasonable task to a human
designer. Then de novo methods can find sequences that are likely to have the structure of interest. Like directed
evolution, this approach has enjoyed wide success and has resulted in useful proteins designed from physical principals
(15; 6; 3; 16; 17). It is distinguished from directed evolution by attempting to understand the relationship between
sequence and function mediated through protein structure. Because of this, de novo techniques are not restricted to
portions of the protein sequence space that has already been explored by nature.
There exists a small body of literature on the use generative models to infer protein properties or perform design.
To our knowledge this has only been done on a limited scale. With protein sequence data, only sets of homologous
sequences have been used for training (18; 19; 20). BioSeqVAE trains on the entire known proteome instead of specific
families of proteins so that it can intuit the general syntax of a protein sequence. This more diverse training set
introduces substantial challenges to constructing an well performing model. (18; 19) used their models for downstream
classification tasks and did not use them explicitly for design. Only (20) used their model explicitly for design. They
used a novel generative modeling approach to generate small metaloproteins and peptides (20). This approach was
limited in the size of proteins it could generate and did not use the entirety of the sequence space. We intend to use
our model to design protein sequences with a collection of desireable protein phenotypes, instead of variants on a
single family. In a recent review, (21) postulate the possibility of a model similar to BioSeqVAE. In the next section we
describe several technical hurdles which had to be overcome in order to produce a functional model.
2 Model Development & Methods
Applying generative models to protein sequences presents unique challenges that require special modifications to the
model architecture in order to perform well. BioSeqVAE is intended to be used for both phenotypic inference and
design. In order to successfully perform both tasks an architechture was needed that could do all of the following:
(i) handle protein sequences with variable lengths
(ii) model interactions between distant amino acid residues
(iii) generate novel and realistic protein sequences
(iv) encode proteins into an informative feature vector
The first major design decision is to choose which type of generative model to use. Currently, generative models come
in three flavors, variational autoencoders (22), generative adversarial networks (23), and normalizing flows (24; 25; 9).
All of the first three requirements above are satisfied by any generative model. Only variational autoencoders and
normalizing flow based models satisfy the fourth requirement. In this work, we choose to adapt a variational autoencoder
model due to their relative maturity and ease of training, but note that normalizing flow based models are worth exploring
in future work.
2
A PREPRINT - MARCH 4, 2019
Training Generation
Encoder
ZσZμ
Decoder Auto Regression
Figure 1: The architecture diagram of BioSeqVAE. Inside of each module the colored cubes each represents a layer
type. Gray scale layers indicate a 1D dilated convolutional layer with skip connections in the style of resnet (28). The
darkness of the grayscale layers indicates the magnitude of the dilation. Progressively darker gray indicates larger
dilation. This is done in the pattern used in (29). Red layers indicate a 1D convolution where the length of the input
is halved with a stride of two and the channels are doubled. Green layers indicate the reverse operation of red via a
transposed 1D strided convolution.
Generative models, such as the variational autoencoder, produce data with the same statistical properties that they were
trained on. In the case of a generative model trained on pictures of human faces, novel but semantically valid faces can
be efficiently generated. Images generated from the model have all of the characteristics required to be identified as a
face including, eyes, ears, noses, and mouths. The same logic applies to BioSeqVAE, a generative model trained on
functional protein sequences that fold in their native host. Therefore, the model should produce proteins that are likely
to fold and function. We verify that the model is behaving in a way consistent with this assumption.
A variational autoencoder is a model that is trained to reconstruct its own input. In our case, it first encodes a protein
sequence into a feature vector. The feature vector can be thought of as a summary of the important information in the
protein sequence. The vector space where these feature vectors reside is generally known as the latent space. Then from
that feature vector the variational autoencoder reconstructs the original protein sequence.
A fully trained variational autoencoder can be used in two modes, either as an encoder or decoder. The encoder can
be used to take a protein sequence and find its associated feature vector. This feature vector can then be used for
downstream classification or regression tasks. For example, we can determine where a given protein is likely to be
localized given its sequence. The decoder can be used to generate arbitrary sequences that are likely to fold and function
by sampling from the latent space. Further the latent space samples can be chosen so that sequences are likely to also
have desired phenotypes. In the remainder of the section the model design and its uses are described detail.
2.1 Data Sources and Processing
The data to train BioSeqVAE was acquired from the UniProt database (26). We split the UniProt sequence database into
two separate parts, SwissProt and TREMBL. The SwissProt Database is hand curated and contains about 550 thousand
proteins. The TREMBL part of the Database is computationally predicted and contains approximately 140 million
sequences. Sequences in the database were clustered into groups which shared over 80% homology. Then one sequence
was chosen per cluster. This operation was performed using the Linclust command line tool (27). Since the goal of this
model was to learn the general structures of protein sequences, we chose to include only representative sequences from
clusters of proteins with similar homology. Sequences were further pruned by selecting sequences between 100 and
1000 amino acid residues in length. The data cleaning operation reduced the SwissProt and TREMBL datasets to 200
thousand and 45 million sequences respectively. For the experiments in this paper models were trained only on the
SwissProt data set. The sequences were represented with one hot encoding with 21 categories, where 20 were amino
acids and one represented sequence end.
2.2 Model Architecture
Here we briefly review the variational autoencoder and discuss the relevant modifications needed to make it work on
protein sequence data. For complete coverage of variational autoencoding models see (22). We adapt a variational
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autoencoding model to perform unsupervised learning on protein sequences (Figure 1). We start by constructing some
data set, X = {xi}Ni=1, where X ⊂ R21×1000. In our case this is the set of all known protein sequences after the data
cleaning protocol from above. Our objective is to maximize the likelihood of our generative model pθ(X) given our
data. In general, this objective function,
max
θ
log pθ(X), (1)
is intractable to evaluate. The main insight of the variational autoencoder is that one can introduce a set of latent
variables z ∈ Z ⊂ Rm and break the model into an encoder and a decoder. In general m is a model hyperparameter
that may be chosen. In this case we choose m = 250. The encoder estimates the distribution qφ(z|x) over latent
variables in Z given a particular datapoint x. The decoder provides the distribution pθ(x|z) for output in data space X
given a particular point in the latent space z ∈ Z. Both the encoder and decoders are typically deep learning models
parameterized by their weights θ and φ respectively. Starting from the objective function of the optimization problem in
(1), we can use this insight to derive a computationally tractable lower bound on our objective using Jensen’s Inequality
as below:
log pθ(x) = log
∞∫
−∞
pθ(x, z)dz
= log
∫
pθ(x, z)
qφ(z|x)
qφ(z|x)dz
= logEqφ(z|x)
[
pθ(x, z)
qφ(z|x)
]
≥ Eqφ(z|x) [log pθ(x, z)]− Eqφ(z|x) [log qφ(z|x)]
Now, instead of explicitly maximizing the intractable likelihood of the model, a tractable lower bound on that objective
can be optimized. This lower bound is known as the evidence lower bound [ELBO]. To gain a better intuition on this
lower bound, the ELBO can be rewritten using the definition of the Kullback–Leibler [KL] divergence in an easier to
interpret form,
LELBO(θ, φ, x) = Eqφ(z|x) [log pθ(x|z)]−DKL(qφ(z|x)||p(z)),
where p(z) is an easy to sample from distribution over Z. For BioSeqVAE we choose this distribution to be the standard
multivariate normal distribution, N (0, I). The ELBO loss as expressed above has two terms with straightforward
interpretations. The first term is the reconstruction loss, which measures how well a particular data point is reconstructed
when run through both the encoder and decoder. The second term represents the closeness of the latent variable
distribution to the chosen simple prior distribution, p(z). When this term in the loss is minimized, sampling points from
the distribution of syntactically correct protein sequences efficient because valid points in Z are close to the distribution
p(z).
For protein sequence design and phenotypic inference we need both an accurate reconstruction, and an informative
latent space. To this end, we chose a high capacity decoder to encourage high reconstruction accuracy. However, this
design choice can make the latent space encode uninformative features (30). Several modifications exist to help fix this
problem by constraining the amount of mutual information between x and z in the encoding model (31). We use the
result from (30) to augment the ELBO objective and force the model to encode informative features in the latent space.
The resulting objective has the form
LINFOV AE(θ, φ, x) = Eqφ(z|x) [log pθ(x|z)]− (1− α)DKL(qφ(z|x)||pθ(z))− (α+ λ− 1)DMMD(qφ(z)||pθ(z)))
where α and λ are hyperparameters weighting the mutual information and agreement with the chosen latent feature
distribution respectively. The final term is the maximum-mean discrepancy divergence which is easily computed (30).
Now that we have motivated the model structure and chosen an objective compatible with our goals, we move forward
to specific encoder and decoder design considerations.
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2.3 Design of the Encoder and Decoder
To implement a variational autoencoder a parameterized encoder, qφ(z|x), and decoder, pθ(x|z), must be designed. The
encoder and decoder design of BioSeqVAE is inspired by PixelVAE (32) and includes modifications made to improve its
function on protein sequence data. In the particular case of encoding protein sequences, we expect the data distribution
to be highly complex in the sense of having many different interactions between amino acids. Whatever model is used
to estimate the joint distribution over amino acids must be sufficiently comprehensive to express every proteomic device
that is known to exist. Additionally, the model must be able to capture interactions between amino acids distant in
sequence space. This requirement is due to a protein sequence representing a biomolecule that is embedded in three
dimensions. Additionally, we require high fidelity reconstruction and an informative latent space. These specifications
are addressed by the design considerations below.
Due to the complexity of the distribution we are trying to estimate, we start off with the assumption that the model
will benefit from a very deep ResNet style convolutional network. The depth gives rise to an exponential increase in
expressivity of the network (33). The ResNet architecture allows the network to be efficiently trained (34). The specific
form of the residual layers used in both the encoder and decoder come from (28). This residual layer shows improved
training times and overall performance compared to the original ResNet layer design.
In order to capture the distant interactions between residues dilated convolutions are used. Application of dilated
convolutions allows for exponential instead of linear increase in the receptive field of the network as a function of depth
(29; 35). The chosen network architecture has a receptive field large enough to capture dependencies between any pair
of amino acids in the input sequence.
To free the variational autoencoder model from memorizing the fine details of protein sequences explicitly (e.g. the
particular amino acid distribution of a beta sheet) we augment the decoder with an autoregressive module (32; 36; 37;
38; 39). The autoregressive module can learn the local structure of the amino acid sequence, leaving the latent space to
encode the higher level details such as secondary structure into the feature space.
Combining all of the design considerations leads to the architecture visualized in Figure 1. Inside of each module
the colored cubes each represents a layer type. Gray scale layers indicate a 1D dilated convolutional layer with skip
connections in the style of resnet (28). The darkness of the grayscale layers indicates the magnitude of the dilation.
Progressively darker gray indicates larger dilation. This is done in the pattern used in (29). Red layers indicate a 1D
convolution where the length of the input is halved with a stride of two and the channels are doubled. Green layers
indicate the reverse operation of red via a transposed 1D convolution. The encoder contains 25 convolutional resnet
style blocks in total and two strided convolution layers for down scaling and channel doubling. The decoder reverses
the encoder structure. In the auto regression module, gray scale blocks are causal (in the style of (40)) in addition to
being 1D dilated convolution residual layers.
2.4 Training & Code Availability
To train this model the cleaned SwissProt database was used. The model was trained end to end using the ADAM
optimizer (41). Complete code will be made available coinciding with final publication.
2.5 Protein Property Inference
Once an instance of BioSeqVAE is trained, the latent feature space can be used to predict the phenotype of a given
protein. This task is performed using a supervised learning approach. A dataset relating sequence to function must be
provided in order to learn which points in latent feature space relate to specific functions. It is important to note that this
can be done for any imaginable protein property for which a dataset can be gathered. Some possible properties include
Gene Ontology IDs, temperature stability, EC Number, or protein localization. In practice, much of the required data
has already been gathered and is readily available across many bioinformatics databases. For this work we specifically
used data present in the UniProt database.
Supervised models are created by first using BioSeqVAE to encode all protein sequences in the data set into a latent
feature vector. Then that latent feature vector and the assocated phenotype is used to train the model. In this work,
we use a random forest model from scikit-learn without parameter tuning for training. When both the unsupervised
variational autoencoding model and a set of supervised phenotype models are created targeted design of function
becomes possible.
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2.6 Protein Design
With BioSeqVAE the design problem is reduced to a search of the latent feature space, as every point in the space is
associated with a protein sequence that is likely to fold and have some function. So the design task relies on downstream
models to predict how points in the latent feature space relate to desirable phenotypes.
A set of models that relate points in the latent feature space to different phenotypes {fi}Ni=1, can be leveraged to
generate enzymes with any combination desired properties. This allows design to be rephrased as an optimization
problem in euclidean space as follows.
min
z
m∑
i=1
αi(fi(z)− ci)2 (2)
where fi is the ith model ci is the target (e.g. a specific sequence length) and αi is a weight. Once solved, the optimal
point in latent feature space, zˆ, is decoded to find a candidate protein to test in downstream experiments.
3 Results & Discussion
BioSeqVAE’s core capability is to encode protein sequences into an information rich latent feature space and generate
protein sequences that are likely to fold and function. In this section we provide evidence for these claims that motivates
future experimental validation. Analyses are first performed to validate the models core function (i.e. does the model
perform like a valid variational autoencoder?). Once validated, we illustrate the usefulness of BioSeqVAE for design
and phenotypic inference with two classification tasks. We demonstrate good performance on an enzyme classification
task and a protein localization task while showing how the model can be used to design new sequences. The intent
of these tasks is to demonstrate that the latent feature space encodes features that are useful for downstream learning
rather than chasing state of the art performance. The ultimate objective is to develop models that allow the user to find
points in the latent feature space that generate proteins with properties of interest. To emphasize this point, we generate
representative sequences for each of the supervised models we present. The section is culminated by demonstrating
how sequences that are likely to have a combination of desirable properties can be generated.
3.1 Model Validation
To validate the model is performing correctly, both qualitative and quantitative methods were employed. As an overall
performance measure, the accuracy of encoding and then decoding the same protein was evaluated (i.e. reconstruction).
Then, the distribution of the latent feature space was estimated to check that it was close a standard normal distribution.
Finally, random samples were taken from the latent feature space and decoded to show qualitatively that the generated
sequences look correct.
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Figure 2: BioSeqVAE is able to reconstruct proteins in the test set with accuracy that is dependent on length. It is very
effective at reconstructing short proteins and the accuracy trails off to around 50% at 1000 amino acids. On average
reconstruction accuracy is 83.7% ± 12.1%.
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BioSeqVAE accurately reconstructs proteins. To evaluate reconstruction accuracy, known proteins from the test set were
embedded using the encoder, then decoded to predict the original sequence. 1000 random proteins from the test set were
reconstructed. The percent agreement between the actual sequence and the predicted reconstruction was calculated. The
results of this test are visualized in Figure 2. The average reconstruction accuracy is 83.7% ± 12.1%. The length of the
protein is related to the reconstruction accuracy, with the algorithm performing better on shorter proteins. For proteins
with less than 250 amino acids, we expect greater than 90% reconstruction accuracy. We expect with increasing latent
space dimension, that reconstruction accuracy will be improved.
The latent feature space is can be sampled from easily and produces qualitatively valid random samples. To validate
that the feature space can produce good protein sequence samples, 10,000 proteins from the test set were encoded into
the feature space. The mean and covariance matrix for those encoded features was calculated. The KL divergence term
in the loss encourages the latent feature space to have a standard multivariate normal distribution. In practice we do not
reach that exact distribution but approximate it. In Figure 3, covariance matrix is plotted.
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>Random Protein 1
MAAIPEELYEAVNDASSRFVSVHEEQKSQLDLMMFSDRMVRVKSEAAHHTSMTNIEIYLKWEQMGQQSVMSVRQTSPLGLVNQFQAFAT
PIDAAFDRLENALRLTSLLMQGGPIDNRDRDGLLINVNYDAHGAEADGNLEAAASSASSFACPQMLDTYSGPAITKLLLQVNHLPVSPI
ILKADGLANLFWHIFVSMRFFTSIVHPLLLFIYYPLILGPLFEAQVPIRWPTFSVLEASYAMYHLEDPVSSLLEFSKAMALICYSCLGN
SFILHDHPLHYERVAFNSGFVWGNLHLLASSL
>Random Protein 2
MGRLDAADVILADFGTQIVDVGAPRTKGQVEMVSVLLLHLDDPHGPIRASLGENSLDFTSPTDQLLLSPDESSVTALLLPTYLLGPVHQ
PAHRGGNLLLLTAAPNTRKSFPDASHTPMSHTMLDEKLKMMTREETTRDFGQRENLHEYIKNYATQYKRQTIGAVKHKNEQFESKEDWS
IQQMNDGGISMFTSSAYANKSIPPGSSEAPLTESIAFLKNTAVSRAIMNPRQVNPFETIKKLEYSKKVRLNEEEPDVFNKAKLNGVKMS
LNESKDSLGRPQKYPINPNAREYVNSREGLPHSLIPKHRLSFQDVGSLETHNDTMPVSLGNSIEQYAAVDAQRDDLRISEFSKDPKLFS
ADIDCEKEICNAMAASDLLDIWGFYAEAESKQNEGLGYILKQLPIRHLCRHSDRIIEIRGKRAPSYTVGLFASLFQCLVEFTFAPLVST
QDASSALPITQQRDEQLISVYCKVFQQQTVLEKFKQEIVWDNLKMFKDSWVTCLCVFLIPEEKKVVTTRMGYSALSNLQSRDQCFFSTL
ADMKIWVFPADSSRHHMKPT
>Random Protein 3
MTPAKKPKMSEVWDYAVGQITALSQVPEDGLPVCLGWDGGWRTSGNERVTIVELQPEAANGLAGSSTLPLQDWSWNRERDVAATQLLLR
AATGAEATMSPNNLNRGKASALCLQYLTPNFTSFLAYAVSQDHALLQA
Figure 3: The latent space can be well aproximated as a multivariate gaussian with 250 dimensions. The dimensions of
the Gaussian are close to independent. Using the mean and covariance matrix efficient samples representative of protein
sequences can be synthesized. Samples of Random Protein sequences are obtained by sampling from the latent feature
space then running them through the BioSeqVAE decoder. Qualitatively, we can see that these proteins do not have
any obvious artifacts such as long amino acid repeats. When these sequences are BLASTed against UniProt database,
they have small stretches of homology with sequences that were not in the training set demonstrating that they share
qualities with known proteins.
Then, latent feature space samples were drawn from a multivariate normal with the estimated statistics shown in Figure
3. One thing to notice is that the diagonal components of the covariance matrix are largest, showing that the model
disentangles features from the data set into a set of features that are closer to independent. In Figure 3, three samples
from the latent feature space were reconstructed into protein sequences. Qualitatively, these sequences look good with
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no long stretches of amino acid repeats or other visually obvious artifacts. Additionally, the random proteins have small
stretches of homology with existing proteins when BLASTed against the UniProt database.
3.2 BioSeqVAE can be used to Generate Representative Examples of Proteins with a Desired Phenotype.
When sampling randomly from the latent feature space, the phenotype of the protein sequence that is generated is
unknown. In order to discover the phenotype of that generated sequence, supervised learning methods are employed to
learn the relationship between points in the latent space and a particular phenotype. This relationship will be easiest for
the model to learn if BioSeqVAE encodes informative features. Specifically, any set of supervised phenotype models
can be used to predict which points in the latent feature space correspond to proteins of interest. For example, the
models can be used to find points in the latent space which correspond to proteins that are localized in the membrane
and also catalyze a desired reaction. From those points in the latent space, BioSeqVAE can hallucinate syntatically
valid proteins that are likely to have the desired phenotype. In this way we can pair the strengths of several models and
use them for either design or phenotypic inference. We present two examples of this as a high level proof of concept. It
is worth noting that this procedure can be done for arbitrarily complex phenotypes and with any number of models. The
only requirement is that a sufficiently large supervised data set is available to train each phenotypic models.
3.2.1 Enzyme Type can be Accurately Predicted and Designed using BioSeqVAE
A powerful use case of our model is the capacity to create novel enzymes. To show an initial proof of principal, a data
set of 60,000 enzyme sequences and their type were gathered. The enzyme classification scheme used was the Enzyme
Commission [EC] number. The EC number is a hierarchical ontology for classifying enzymes. It has 4 levels, where the
highest level is most coarse. This highest level is broken down into 6 general enzyme categories along with transporters
as a 7th bin. We classified enzymes into each of the 6 highest level enzyme categories. Deep learning has been used to
classify enzymes by EC number in the past and achieved high accuracy (42). Our objective was not to beat state of the
art classification accuracy, but instead to show that we could generate novel examples of each of these enzyme types.
Because these enzymes are hallucinated from BioSeqVAE they are likely to be syntactically valid.
A simple random forest classification model from scikit-learn (43) was applied to the collected enzyme sequence data
set obtained from the UniProt database where both sequence and EC Number were known. The protein sequences were
encoded into a 250 dimentional feature vector using BioSeqVAE. Then these features and the first element of the EC
Number were used in a supervised learning setting to train a random forest classifier. The classifier achieved 70.6%
cross validated error (Figure 4). Further, it was used to generate an enzyme likely to be of each type.
3.3 Protein Localization can be Predicted and Designed using BioSeqVAE
Proteins final destination within the cell is encoded in its sequence. As membrane proteins in particular can be difficult
to work with in metabolic engineering applications, a method that can be used to convert a membrane protein into a
cytosolic variant would be valuable. We demonstrate the generation of proteins that are likely to be secreted, localized
to the membrane, the nucleus, and the cytosol. Again a phenotype model is trained to learn where a given protein is
localized from its sequence.
The dataset was again gathered from the UniProt database. The resulting dataset contained 63,532 proteins with
examples balanced evenly between each of the 4 predicted compartments. A random forest classifier with the same
hyperparameters as the previous model was applied to this dataset. The results are visualized in Figure 5. Average
classification accuracy of the model was 65.1%± 0.5%. From this model proteins can be found which are most likely
to belong to each of the tested compartments using the method from section 2.6.
3.4 BioSeqVAE Can be used to Design Proteins with Multiple Properties Simultaneously
In order to design proteins of interest, multiple phenotypes may have to be combined. This is possible by optimizing
over both of the existing classifiers simultaneously and generating a candidate sequence that is likely to be localized to
the membrane and also is an oxioreductase.
>Optimal Membrane Protein Oxioreductase
MLNSASTLYYPALIAALAYLLILCLIPKGVSKFSGDRSATIWAYASRGIKGARIWDNRKASVRVSFQRPHYEYYAKRLPIVVRIFKNNQ
WQTVDTLRKSPANGLRTCDRKGTPMEHRDTIFTVIDDYLQCQAAVMYRDYYVQPLFLYSGRMRWLKGSVSLDGRLPASPRKRRIFIGSA
ALAMRQDLTDGASAIAIRTGVMWAASRTPITVEGGGHLKHATQKCASLAGFAQEILLGGLVAQRPFINFNFVKRQSPTMLDDKLLDRLP
WGLLAEMTHDTLALKIDCNMNETEMQYLLMIL
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>Hallucinated Oxidoreductase, Confidence 35%
MIDPGEVTPKRAGAQKEQFGLIHRPMKPVDVALTSANQPKEFDASVKDSRGGGQRTLIRGDKPRCDWKVVRVEQEALSDILYTGTDASL
QAVLDEDRRFYELAEFRKNRVRDILEDEPVSGQFFEQQDKINTGNKHTMAVAATGFDSFCMIAGAEEMIASGMPIGSARYKQQRYQGGF
IEANGNESQLNGLHHLTSPVAMRCTPPMDMMAFPDDDGKQFMKGNPILPFDLGLGRKWASLTAFAGRAAARTAEGFHQGVD
>Hallucinated Transferase, Confidence 31%
MSSSAGRKSTKVDYPFLLSTSCDTEYYLGMAAVFRDLDKHGRAAHDVVVKARGELAQRGILDERKSARDSFPIILLITLGPVMKEASLY
PIQLIDFPLALNPEAKHAWVLHPLEHREPYGPVYPTLEAAGLPALGSVTVKLRCPAATTVEKIYIIQTGFEVAQQLNANVSTSPGMIWH
ARNSAPAMVVDQENILQGAPGKSTALIQTYYDSGGWIGDRFSEPKKVFHGRAAPNDNPKLLASFPLQLLMLVAVANDKSWNIEMAARGA
DYTAAGDAACSDVVGAATGGAIKGLPSEKRLLLNAGSTGERLATMADVLTTPGTAAMGIAADAPLYGAATGAVNDQRFFHEKVGAYPAT
TRAADETLTPQLQYEAGDLLSKKALAYDISAASYEACSVVFLLASRLHLAAAISGHLGAQFMELDPLSYNEAISALNFQAFHQREISAW
LWRRQFLIGP
>Hallucinated Hydrolase, Confidence 37%
MTASPKNRQNVYNPQFNDIEEISPVEVKSSHKIIGSHNAEVNFKNVRTDEAKQSYFIEIFENVSFYYEDGSEDAAFFEYPIKHLLKKPT
SAARECGGDWLAKEEVLEFPLSTRYIEAGRDLDLQDGPLVPSVPGFARGQSPIEPNDFDEFLSFGLGITKSMHTEKSNEVGNAAFNFFK
SIYDRYYGSYRRDHGSGVPAYIVRRWIPLGSGARIISRTSAIGTVISFVYSSMTYVDSEITFMGADRQAGFRARVNPLRFDIYCDARPI
HKPDPSQSLHFAPDYLAEQAKITVVRRPHDQGIVYEGGLKAIVAAITFCKPFDFLSSNIYDWILKRATPVIALNDGGISGAFLLLDPHP
KDDQHDRVHLKLGFAATIQLYAAEIEWAYRIQNLHEHAYFEIL
>Hallucinated Lyase, Confidence 26%
MVRSEVKGFDGGRSPRRKLRRGKRGAVILIEGLVCQAVAGAVPGIARGPKGQLLAPATATASAAIAIFVLSGFYVPPGHWLTVSHHAAQ
AFFAVTDADNFLQRVRVRYRTQLYMLDIPRRMRMNPMAGATYLGETAADSAFENATQTGEMCAFAVVPIISLGRRSWPLSNVWIGTTVA
AEVPALGLAARAWNVQIRSAAAGDLYPCYLYDTKDPPFDLYLMILAQILLDIPGQAAAVLAAIKRERLLLVQRLGTAALKA
>Hallucinated Isomerase, Confidence 27%
MQATLRRQYKGPKEVVEGALLMRLAEAGFCWAGVWGRKTVVVDGRADAGVHLARILGLPEVRASEGVWAMLMLRPRLRDYLIKRIDRSP
TYVQQPRLRASGAEREGQALAKSEDSAAKAPDYYKGPFDLDNHISETLEASYSKEATGHPSGHPGAPWTAPADSPGGANDRDKPAHEIM
THREDLATTPAQTFQRLEEGALVYLLLEAAALQRGQL
>Hallucinated Ligase, Confidence 56%
MEKERLMYPVMHDSIQMGDAASGQRDTHMIHQGPFAFRRIRVQQEKPYYRSDDESYAISKLERPSPQISRQGDVACSTEARPPDSVFLS
GAADSGTVCAKVAASGKGARNNEMKGLFGQVKELSPNAKVGLVFLKVRLAREPDSFRWTRQGGDDVALDLPRELIDRIGQTVDLLRKQP
VNIPIGKERCRIDAIYQAGQYNVWQLGLVCMGCGQYFYRVKGTEAKRIYVDISLSASVTISVCEGYAHRDGMANDDTGVTSVVAIFRLP
TRILDYAAARMTRQLSWPAPVDRATVDTDDDLEAILLYLLLVLNPYTYFPGPFWAVCVLRLWAGASTGMQILLGQAATDLLQYYEGMGT
VYLKNNANVIIFRKLLCGMHKRYLYDI
Figure 4: The latent feature space can be used to both determine which enzyme class that a sequence belongs to and
create novel examples of that type of enzyme. A balanced dataset of 60000 examples of enzymes with known EC
numbers were used to train this model. (left) The confusion matrix shows how well each class is predicted from a given
point in the latent space. (right) The combined reciever operating characteristic curve for the classifier. (bottom) Using
the supervised EC number classification model and the technique outlined in section 2.6, Representative sequences
from each class of proteins were generated. When blasted against the UniProt database some show homology with
proteins of their designated type.
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>Hallucinated Cytoplasm Protein, Confidence 47%
MQKQLYTGIIIEIVNLVLPNLHVTYILKACSETEIVPCAVHLDMVAGEGVSELPRTIATLSCSMTFEKYGMGRMSAGYDIPICVDAYPN
SFSFLRWWDNLLDKLEGVLEIMSNLYDGFEISPYKISPAIIPRETQTEDETYDKATARGVFHVNVCYQMIQFESTGDRALMIDRLAVTA
MLQSLGIMAHAFASWNFDPGMVGQVGLDGAPVGGHTFKAKHEKSSGSFDTLQAAGEIFSQWIPPIPDIHGSLSTIWWAFAAVIAAGSGF
CYYLLMCARVAASIIQDRLLLFRDAYVIAGLAATTNVYPWDYFMNDTVQKAAPYAAHGLLALPVIMLIYWLLLELIYAML
>Hallucinated Membrane Protein, Confidence 54%
MYASRRGSLYLRLVSQLQARDSHQRGAYSIVKYPPYTTAKLATAASIMDSKLAKVHDLRLLDVYFNNPYNEQKFHAVMQAIEIELTGCI
RQGFESQGQDQNRYILNGPSGVELKGTFSGLLYIDYLYLYHVTKGHNPLDFTERRAGIHVINFFHQLDTYSAATRARAAVLHNSAANFQ
INHNNKIGSWLCKDCQIPSTPHHATFLGDLKERGPRMPRQALQAGARKVVELNDHNSGFICEGAHSEKATWVTASHPLDYLRKLLWHES
LSSFLDAANQLLQTVGDSHKHPLLAFLLLSVSAWVLHNQLPSFRVRYNRFILLFSQLRAAPMPCECFVLKQISIKKFRLIRPRYARYAI
HGGILAALPDHARKNKWVNNQEKLENGHFVAAQHDVPREAGEL
>Hallucinated Nucleus Protein, Confidence 76%
MAASSHPRPQCERSWLNRGQPAETASREFFLRYGKPFLCEAPRAGVFGHCLQDQTSGQMESGGMSSVTEAAELFASGIAKWVSMRQPSV
SSHFVNPLLVASWADRGLSVGKSIVTLEARYDKEVLEPVVECNRSNALEGAISPSEEYNDNDLSLNESINGKGIKELGHPTSGRAEEYL
LYFPDTASKSVIVKSLSKMDVETIYCFIENPARLTSQSFTCMWTALSIQARVAAEYIGFLFLQTHYDSWDLTL
>Hallucinated Secreted Protein, Confidence 63%
MLAFLLRPLLILVFAAGTSMARAGPRLPPPIGSKGSSECSSFISDCDNRVYTFEDEIRHARESAPVNSKPSEYLHRVQGHEAEQDEQFF
NPASEVSACEIGAVGLMAERANVHGASVLCPAKAQYLALPIYLPFTGHTYVGAFQDERWASFCPMNTAGQVNVIYKTSDGDSQIELLII
RMAKHQSAAVVASYGSEKKLKRAQGHHTAESTNNQLISIQMIQSTGEVVGSLTTSTAAIPKYISTGLTVGRKESLTAAFAGAALEAYIS
ATRLALAANNWYHPPFDWGKHRDDMVQL
Figure 5: The latent feature space can be used to both determine protein localization and create novel examples of
proteins with chosen localizations. (left) The confusion matrix shows how well each class is predicted from a given
point in the latent space. (right) The combined reciever operating characteristic curve for the classifier. Using the
supervised compartment prediction model and the technique outlined in section 2.6, Representative sequences localized
to the following areas were generated: Nucleus, Membrane, Cytosol, Secreted.
This particular protein when blasted against the complete UniProt database has homology with a subunit of the ABC
binding cassette transporter and a transmembrane protein of unknown function from Chara braunii. While this is
suggestive that the designed protein has the specified phenotype, only actual experimentation will allow the design
claims to be rigorously validated.
4 Conclusion
We have demonstrated that realistic protein sequences can be hallucinated from an unsupervised machine learning
model, BioSeqVAE. The properties of sequences can be intuited from the latent feature space of BioSeqVAE. This
paper is intended to demonstrate that protein sequences that are likely to fold and function are possible to create in
the absence of structural information. This opens up the possibility to use much larger and easier to collect data sets
and leverage those for the creation of novel proteins for an array of applications. This paper lays the groundwork
for experimental testing of this model by synthesizing the hallucinated proteins in the lab and testing them for their
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designed function. Additionally, it provides a novel way to tackle pathway completion when looking for proteins in
pathways for orphaned metabolites. We fully intend to use this model to tackle these challenges.
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